Abstract-On-body radio propagation in the 2.45-GHz industrial-scientific-medical frequency band (2.40-2.48 GHz) was investigated during three different activities: jogging, rowing and cycling. Four different links were examined, from the waist to the wrist, ankle, chest and back; it was observed that the channel behavior could be related to the repetitive nature of the activities. Furthermore, combinations of the wrist, ankle, and chest channels could potentially be used to identify the activity, while the waist-back channel shows little variation between activities (roughly 2 dB, compared to 6-15 dB for the other links). The results also show that dynamic on-body radio channels contain rich biomechanical information, such as motion pattern, heartbeat, and breathing process. It is demonstrated that physiological and kinetic features can, therefore, be extracted through some known signal-processing techniques. For example, the repetitive nature of the activities introduces harmonics into the signal via fading, which correspond to the speed of motion. In addition, the mechanical motion of the torso during respiration and cardiac activity also introduce harmonics due to changes in the path loss, albeit with low magnitudes. The detection of such signals is discussed.
I. INTRODUCTION
T HE CONTINUOUS development of compact and lowpower circuits has enabled the miniaturization of hardware systems and, thus, has led to wireless pervasive sensing. The connection of different wireless nodes on and around the human body defines a wireless body-area network (WBAN) [1] , [2] . It is evident that particular areas of the body have unique characteristics, thereby affecting the performance of the radio channel [1] . Furthermore, external perturbations, such as human mobility [3] and operation in cluttered backgrounds [4] , result in a complex environment for the propagation characteristics of body-worn sensors. Usually, these are comprised of low-power microcontrollers, tiny radio-frequency (RF) transceivers, and compact antennas that have low gain and narrow bandwidth (low-profile antennas). Different studies have shown the potential use of wireless sensors during the healing process after surgery. Body-worn units housing accelerometers can monitor the level of activity of a patient, indicating an improvement or a decline in recovery process (see, for example, [5] and [6] ). As a result, the quality of care provided to patients is improved by continuous monitoring, even those merely indicating general "well-being."
The transformation of future infrastructure (e.g., hospitals, military services, and care centers) to support wireless-sensing technology remains an essential and active part for future patient care. This will not only offload demand for services, but will also promote autonomous and flexible monitoring solutions, especially for nonstationary scenarios, as patients need no longer be attached to large, stationary monitoring equipment while their vital signals are recorded. Taken together, these can reduce health-care costs and improve daily lifestyles.
Many wireless systems have been proposed to accomplish this feat, with diverse solutions, ranging from wirelessly enabling existing medical devices to wireless noninvasive sensing of physiological parameters (e.g., [7] and [8] ). For example, in 1975, a noninvasive procedure to monitor respiratory movements was introduced by Lin; he later refined the technique to monitor the heartbeat [9] - [11] . The microwave system transmitted continuous-wave signals from 2.1-2.5 GHz, and the periodic displacement of the thoracic cavity was recorded in the reflected wave, which was phase-modulated by the time-varying position of the chest (a concept related to the Doppler Effect).
Further advances in technology made the design of compact and lightweight systems possible, improving not only the detection accuracy, but also reducing the phase noise of the receiving signal. In [12] , Doppler systems operating at different frequencies (i.e., 2.4, 5.8, 10, 26, and 60 GHz, respectively) were considered. The results showed that the use of high frequencies (short wavelengths) vastly improved the sensitivity to small variations exhibited in chest-wall movements. Other studies made use of double-sideband transmission systems [13] and inphase/quadrature I/Q modulation (quadrature signals) [14] , in order to reduce the number of the null points, a problem in single-channel Doppler systems, and enhance the detection of cardiopulmonary movement. An alternative to Doppler-based sensing was proposed in [15] , where motion-induced variation in the impedance of a planar resonator is combined with a surface acoustic wave (SAW) filter and an autoregressive estimation technique to detect respiration and pulse rates.
The monitoring of human motion is frequently sensed by some combination of accelerometers, gyroscopes, and inertial sensors, which are integrated with wireless modules (e.g., ZigBee, Bluetooth). In [16] , a footwear-based activity monitor was implemented using accelerometers and pressure sensors to predict the energy expenditure associated with common daily postures and activities.
In [17] and [18] , the received signal strength (RSS), an internal parameter of RF transceivers, was used to characterize limb movements for kinesiotherapy activities using Crossbow IRIS wireless modules. Their results show that machine learning techniques, such as a support vector machine, can determine and classify limb movements based on information from the fading in the propagation signal path.
Although most of these nonintrusive monitoring systems were studied and implemented in controlled environments using frequency-domain techniques, signals recorded in time domain also embed external information.
On-body radio models, acquired from simulation and empirical methods, have shown that received signals are the combination of diffracted waves around the human body curvature, decaying creeping wave components and, to a high degree, scattered and reflected contributions (i.e., fast fading and multipath, shadowing) [19] , [20] .
Initial studies in [21] reported peak-to-peak signal variations of 16 dB between belt and shoulder-worn antennas when changes in body posture occurred. In [22] , the walking process in different environments (i.e., anechoic chamber, open office area and hallway) was characterized. In the indoor scenarios, their results showed that the signal variations of different on-body channels were best described by a Nakagami-distribution with a level crossing rate (LCR) threshold of 20 dB below the median signal level.
The effect of polarization during motion was investigated in [23] , with the consequent effect on fast fading also examined. It was found that motion affected the degree of shadowing observed and that polarization affected the mean-path gain level.
A comprehensive examination of dynamic channels was given in [24] , with a number of adult test subjects and with varying amounts of movement. Several statistical models were tested and ranked using Akaike's Information Criterion; of these, the Rayleigh model was consistently a poorer fit and the Weibull and Gamma distributions usually the best fits of those tested (though individual links could better fit other distributions, one of these two was usually a good approximation). Two alternative measurement campaigns were reported in [25] ; the first, which did not distinguish between slow and fast fading, showed that the log-normal distribution was a good model in most cases and used the -test to determine goodness of fit. The second found that slow fading (shadowing) was best modeled with the normal distribution, while fast fading was best modeled using either Rayleigh or Rice distributions. An RSS-based method was used in [26] to investigate the correlation of the shadowing characteristics of various on-body links. A moving-average filter was used to extract the shadowing components. The correlation between channels was observed to be specific to the activity.
Dynamic on-body propagation channels have also been examined in terms of the observed Doppler behavior while walking and jogging. For example, it was found in [27] that there is a difference in amplitude in the Doppler response between polarizations (normal and tangential to the body surface) in the PSD. They found that using normal polarization antennas produced lower amplitudes of Doppler components than when using tangential polarization antennas, as channels with normal polarization are less affected by body scattering.
Asymmetric Doppler spectra are identified in [28] , resulting from off-body scatterers. The asymmetry resulted from the shadowing of the body of scatterers behind the body, since most of the on-body antennas were on the front of the body. The off-body contributions could mask the harmonics related to the body scatterers; however, the off-body scatterers were all at harmonics above 5 Hz. It is observed that the Doppler spectra again had harmonics around 1 Hz. This is also true of the results in [29] ; in each paper, this harmonic is attributed to the motion of the body when walking or jogging. It is noted that there is an overlap of possible speeds in these activities, but that the mechanics of the motion differ, resulting in the observed differences between walking and jogging [29] .
In this paper, custom-built wireless sensor nodes are used to evaluate the radio propagation characteristics of four on-body channels while different sport activities, selected for the periodic motion required, are executed. In addition, the collected radio propagation data are postprocessed to investigate the ability to identify physiological markers, such as motion pattern, breathing process, and heartbeat, from magnitude-only radio channel measurements, which are simpler and cheaper than those involving phase.
The rest of this paper is organized as follows. Section II describes the wireless sensor and the measurement procedure. In Section III, the received signal-strength data recorded by the sensor node are analyzed for each on-body channel and exercise activity to determine the channel fading characteristics in each case. It is assumed that the fading characteristics are strongly linked to the periodic motion of the body during exercise. Hence, in Section IV, the sensor node data are mapped to the frequency domain for analysis of motion and physiological signals, including a comparison with a normal electrocardiograph (ECG) signal. Further analysis is implemented using Fourier transform models. Some conclusions are drawn in Section V.
II. MEASUREMENT PROCEDURE
Measurements were performed on a 168-cm-tall, 80-kg male test subject. The transmitter node was fixed in the right waist section and the receiver node was in four different locations in succession: the upper middle section of the thoracic cavity (chest), the left ankle, the left wrist, and the middle back (thoracic spinal cord). These locations were used for each physical activity. Fig. 1 shows the receiver and transmitter locations.
All of the measurements were taken in Queen Mary's Human Performance Laboratory (indoor environment). The jogging exercise was performed on a motorized treadmill machine equipped with a digital display and an electronic console on the front panel. The tilt of the conveyor belt was set flat (no tilt) in order to simulate normal outdoor jogging.
Cycling was carried out on a stationary professional training bike, where the resistance of the flywheel attached to the pedals was controlled by a digital control panel on the front of the bike. The test subject was seated with the body leaning forward and hands extended wide on the back part of the handlebar, simulating normal outdoor pedaling. In the case of the rowing scenario, an air-resistance flywheel system, with a variable tension resistance control, was used. The rowing equipment was also fitted with a digital console control panel.
Each purpose-built wireless module is built around a Texas Instruments transceiver, the CC2420 [30] , and an ultra-low-power microcontroller, the PIC18F2620 [31] , which configures and controls the transceiver chip. The CC2420 is an IEEE 802.15.4-compliant transceiver [32] and was programmed to operate with a maximum output power of 0 dBm. In addition, it is specified to achieve a sensitivity level of 95 dBm (i.e., achieve a packet error rate of 1%, as required by the IEEE 802.15.4 standard [32] ). The radiating element of each wireless sensor node was a microstrip patch antenna printed on top of an FR-4 substrate material of 1.6-mm thickness.
The system diagram of each wireless sensor node is shown in Fig. 2(a) . The antennas for the nodes were designed and simulated using CST Microwave Studio [33] , shown in Fig. 2(b) , with the implemented antennas and the assembled low-power wireless module in Fig. 2(c) . The normalized radiation patterns of the sensor node measured in an anechoic chamber are given in Fig. 3 , when in free-space (not on the body) and when placed on the body. It is apparent that the free-space patterns show more backward radiation than the on-body results, as would be expected from the increased absorption by the body tissues. Good agreement between the patterns is seen for the right-half plane, for both polarizations. Differences are attributed to the body effect. A summary of the performance of the antenna and wireless sensor when on-body and free space, together with the performance at different locations on the torso, and the operation at different carrier frequencies (within the 2.45 GHz band) is described in [34] . For each activity, the receiver node recorded an average of 7000 samples of the RSS, at a rate of 14 ms per sample. In each activity, the receiver node began recording data only when the user reached a constant speed of 5 km/h, which was set and controlled by the digital control panel of each sporting machine. The acquired data were stored in the internal flash memory of the microcontroller and were later extracted for analysis.
In order to decrease uncertainties from location displacement due to the constant movement, VELCRO tape was fitted on the T-shirt and on the wireless sensors (i.e., transmitter and receivers). To confirm that the sensor data would not be corrupted by local movement of the node with respect to the mounting point, the effect of motion on the transmit antenna behavior was evaluated for the jogging activity. Since the transmitter was located at the waist, local movement would be primarily reflected in a varying separation between node and body, changing the propagation environment for the antenna and, thus, its resonant frequency. Hence, monitoring the resonant frequency behavior serves as a proxy for monitoring local movement of the sensor node. In addition, this test was required to confirm that the variation was small with respect to the channel bandwidth (2 MHz, with a channel separation of 5 MHz, in IEEE 802.15.4 [32] , [14] ).
During the first two minutes, the subject was in a resting position (standing on the treadmill); for the next 10 min, the subject was moving (jogging at 5 km/h); and for the last minute, the subject was recovering (had stopped jogging). The performance of the transmit antenna (waist-location) for the aforementioned process is given in Fig. 4 . Table I lists the main statistical parameters. It is apparent that there are small fluctuations in the resonant frequency of the antenna related to the repetitive motion, but these variations are small in magnitude, compared with the bandwidth of the antenna (less than 5% variation in standard deviation) or free-space resonant frequency (less than 0.3%, where is 2.45 GHz [34] , [16] ). Hence, local motion of the sensor nodes can be ignored. Furthermore, the maximum-observed variation in resonant frequency was 2.6 MHz, implying that the use of a single channel (here, the sixth channel in the 2.45-GHz band) would not introduce significant uncertainties.
III. DATA ANALYSIS

A. Characterization of On-body Radio Channels for Dynamic Scenarios
It is evident that the practice of any sport activity will produce a high level of fluctuations on the received signal, which are the consequence of the continuous movement of the human body. In the case of jogging, our results show these variations are 15 dB from the average received signal; this is significantly greater than received signals of a motionless user in a free-space environment, where the variations are 3 dB.
The received signal for all scenarios considered (i.e., motionless, jogging, rowing, and cycling) are shown in Fig. 5 . The graphs plot a 45-s window length of a waist-chest channel. The mean values are 58.69 dBm, 54.6 dBm, 58.7 dBm, and 62.81 dBm, respectively. We use the difference between the known transmit power ( 3.02 dBm) and RSS as a measure of the "power loss" of the channel, which includes the path loss and the gain of the two antennas. The statistics of the channel power loss (equivalently, of the RSS) can be described using probability density functions, discussed later in this section. The average power loss for each WBAN channel is described graphically as a function of box plots shown in Fig. 6 . The spacing between the different parts of the box indicate the median and interquartile range; the length of the box and the position of the median with respect to the center of the box indicate the degree of dispersion (spread) and skewness of the logged RSS data, respectively. The mean is also indicated with a solid diamond marker. The mean power loss and standard deviation for each on-body channel are summarized in Table II . The results in Table II demonstrate that dynamic on-body channels present high variation among different links; however, the back location presents the most correlated data between different actions. In the context of this study, correlation refers to a qualitative "similarity of behavior" of a stated link between different activities, or to a qualitative "similarity of behavior" of an activity between different links.
The observed correlation in the waist-to-back channel is a consequence of the reduced movement, in contrast to other locations, particularly the wrist and ankle. Although the torso may move significantly, the path length is essentially constant, as shown by the similar mean values for the different activities. Cycling shows a smaller degree of shadowing (as seen by the smaller standard deviation), since only the legs are moving, whereas both legs and arms are moving in the other activities.
The waist-wrist channel shows least variation (fading) during cycling; this is expected, as the arms are in a fixed position and fading only occurs through reflections from the moving legs.
The arms are also relatively far from the body, explaining the higher mean power loss. Greater variation is seen in the other two activities, because the arms are also moving, introducing more multipath components. The mean power loss is lowest for jogging, as the wrist spends a portion of each cycle relatively close to the waist. This is not true for rowing, where the wrist moves between the upper chest to being far from the body when the arms are fully extended, resulting in the higher mean power loss.
In the case of the waist-ankle channel, the jogging and cycling scenarios are highly correlated. This behavior is expected as a consequence of the constant speed of the user (5 km/h) and the nature of the motion involved in these activities, which is similar. On the other hand, the waist-ankle channel for the rowing scenario is uncorrelated with the jogging and cycling scenarios, which is the outcome of the constant action of leaning forward and backward. The motion of the ankle (and, to a lesser extent, the waist) is significantly different in this case.
The waist-chest channel demonstrates interesting behavior. The mean power loss is least in jogging and most in cycling. Jogging requires the body to be upright and with free space in front. For cycling, the torso is inclined forwards and is closer to the legs; there is thus always some part of one or both legs relatively close to the waist, changing the local environment and increasing loss. For rowing, at a given time instant, the legs and arms are totally extended and the torso is leaning back and extended; hence, path loss is higher, but loss in the body is relatively low. At a different part of the period, the knees and elbows are bent, bringing both legs and arms near the torso; hence, more loss occurs in the body. This would explain why the mean power loss during rowing is higher than in jogging, but lower than in cycling. The variation in the standard deviation between activities is perhaps not as large; it is hypothesized that some of the variation comes from the different motion of the limbs in the different activities, but that some also comes from the motion of the torso itself. In particular, the torso moves most during rowing (extending and compressing) and least in jogging, which correlates with the observed behavior in standard deviation. When comparing channels for a given activity, relatively wide variation in the mean power loss is observed for jogging and rowing, but not for cycling. It is believed that the mean path lengths for the four channels in the cycling activity are all roughly equal (for the test subject used), which is not true in the other activities. On the other hand, the standard deviations of the links vary most for cycling, not much for jogging and hardly at all for rowing. It is hypothesized that this reflects the nature of the shadowing from the body motion for the different activities.
These results suggest that the combination of data from two or three channels would be sufficient to determine the respective activity. However, this requires further investigation.
Second-order statistics were examined for each measurement campaign. The measured received signal was normalized according to the maximum received power. The statistical analysis uses the square root of this normalized receive power in order to find normalized received signal amplitude.
The variation around the recorded received signal was modeled by six statistical distributions often used in WBAN communications (namely, the Lognormal, Nakagami, Gamma, Weibull, Rayleigh and Rician distributions) [1] , [19] - [26] . All parameters were calculated on a 95% confidence interval according to their maximum-likelihood (ML) estimates. In addition, the Akaike's Information Criterion (AIC) score model was used to compare and evaluate the goodness of the fitting distribution for each sport activity. Because the sample size is finite, our study uses the second-order AIC model given by (1) where is the value of the maximized log-likelihood over the unknown parameters , given the data and the model; is the number of parameters estimated for that distribution; and is the sample size.
The criterion was applied to evaluate the goodness of fit of the six commonly used distributions given before. A smaller value of means a better statistical model, and the criterion is used to classify the models from the best to the worse; to facilitate this process, the normalized is considered and results are normalized to the lowest value obtained ( , for the six distributions):
A zero value indicates the model fits the data best of those compared. In this study, different sports activities are compared. In our analysis, we consider a time window of 45 s which states approximately 3215 samples , and all fitted distributions have a coefficient , except for Rayleigh, which has 1. The estimated distribution parameters, determined according to ML estimates, are presented in Tables III-V for each sport application and link, together with the normalized values . The lognormal distribution has been commonly applied to describe static and off-body WBAN communication channels (e.g., [1] , [35] , [36] ). In our study, however, it was observed that the Rayleigh distribution is consistently the best fit to the measured data, according to the scores, followed by Nakagami and Weibull distributions; these three are commonly used to model strong fast fading, suggesting that the observed channel dynamics are dominated by fast fading. We did not attempt to evaluate an overall "best" model for all links and activities, since our primary aim in this analysis was to provide some insight into the channel behavior for each combination of link and activity. However, it is apparent that the Rayleigh distribution would fulfill this role for our data. It would be interesting to determine whether this remains true when varying the test conditions (e.g., speed of activity, subject, activity, test environment). Plots of probability distribution functions (PDF) as functions of the normalized instantaneous received power are shown in Figs. 7 and 8. The bin size of the histograms used to describe the PDF of the measured data is chosen according to the "Freedman-Diaconis" rule [37] , [38] .
IV. EXPLORING ON-BODY RADIO CHANNELS FOR EMBEDDED PHYSIOLOGICAL FEATURES
The previous section identified statistical distribution models that describe the behavior of dynamic on-body radio channels. It also showed that received signals are highly variable due to the constant change of frequency, amplitude, and phase with time. Although there is a high amplitude variance in the received signals, the use of wireless sensors certainly represents a flexible and sustainable solution for environments where freedom of movement is needed. In this context, the current section explores the on-body electromagnetic (EM) wave propagation, recorded by wireless sensor nodes, as a sensing method. Specifically, we seek to analyze the fading behavior, characterized in Section III, to see how the motion of the test subject affects it. In order to maximize the identification and extraction of physiological features, such as respiration rate or heartbeat, the study only considers waist-to-chest channels; any effect on the other channels would be smaller in magnitude. Fig. 7 . Probability distribution function (PDF) for a waist-to-back channel recorded by custom-built wireless sensor nodes operating at 2.45 GHz while the test subject was jogging at a constant speed of 5 km/h. Fig. 8 . Probability distribution function (PFD) for a waist-to-ankle channel recorded by custom-built wireless sensor nodes operating at 2.45 GHz while the test subject was rowing at a constant speed of 5 km/h. The use of powerful and robust digital signal-processing techniques (e.g., template matching, blind source separation, or wavelet transforms) is undoubtedly advantageous; however, the latter is beyond the current study and, hence, a combination of digital filtering and spectral response is presented.
A. Physiological Information Parameters
The number of breaths and heartbeats per minute varies with the subject's body mass index (i.e., the ratio of body's weight and the square of height), age, gender, and, of course, the activity level. The pulse rate of a resting adult has an average frequency of 1-1.5 Hz, or 60 to 90 beats per minute (BPM). On the other hand, the resting respiration rate is about 6-12 breaths/min [10] , [39] . The mechanical processes of the cardiovascular and the respiration cycles produce abdominal displacements of 0.2-0.5 mm and 4-12 mm, respectively. During a normal walk, the pulse increases up to 95 BPM and the respiration rate varies between 12-18 breaths/min, while performing other athletic activities (such as running, swimming, rowing, or cycling), causing the heartbeat rate to increase to almost twice that of a resting adult: 120 to 190 BPM (2-3.1 Hz, respectively) [39] .
Considering an average heartbeat frequency of 2.6 Hz for a workout activity of an adult, the minimum sampling frequency, defined by Nyquist-Shannon theorem, should be 5.2 Hz (i.e., 192 ms), in order to perfectly reconstruct the original signal. The average sampling rate of the custom-built wireless sensors is 14 ms/sample (71.4 Hz), a high margin from the minimum sampling rate.
The data acquisition for the jogging scenario was executed on a computerized Cortex system controlled by a software application called MetaSoft Studio [40] . The application software manages and monitors both ECG recordings and jogging speed (5 km/h).
The integrated system, shown in Fig. 9 , was not used for cycling and rowing activities because the large number of cables across the body was restricting the normal workout process.
The ECG recording device was a certified 12-Lead electrocardiograph, the Cardio-Collect 12. The sampling frequency and the analog-to-digital converter (ADC) resolution of the system were 500 Hz and 12 b, respectively. The cardiac recordings were taken for the resting position (standing on the treadmill machine) and jogging (constant speed of 5 km/h), while the wireless sensor nodes recorded RSS values only when a constant speed was achieved.
The acquired ECG waveform, which served as a reference waveform for the cycling and rowing scenarios, showed a normal sinus rhythm without any significant arrhythmias. A 10-s sample frame for resting and jogging scenarios is shown in Fig. 10 . In addition, heart-rate variability during a 5-min period is described in Table VI .
B. Frequency Analysis of Time-Domain Channel Data
Spectral estimation was performed for four different scenarios: resting (0 km/h), jogging, cycling, and rowing (each at 5 km/h). Normalized received signals were filtered using a tenth-order elliptic bandpass infinite impulse response filter. A finite impulse response filter was not used because the received In order to avoid frequency component confusion when evaluating the signals for respiration rate and heart rate, two different bandpass filters were implemented: the first filter with cut-off frequencies of 0.1 Hz (lower frequency) and 0.8 Hz (higher frequency) for breathing analysis and the second filter with cutoff frequencies of 0.8 Hz (lower frequency) and 3 Hz (higher frequency) for heartbeat and movement analysis. This was based on the expected range of values for these sources.
Frequency-domain analysis was based on the estimation of the power spectrum density (PSD) from filtered data. The PSD evaluation methods can be divided into parametric (e.g., autoregressive modeling) and nonparametric (e.g., Welch's periodogram [41] ) methods. The nonparametric methods are, in general, faster to compute and, in the case of Welch's FFT method, reduce the variance of the spectral density by averaging. This method divides the time-series samples into overlapping subsequences. Each subsequence is windowed and then the estimated spectral density is averaged (our study uses a Hann window).
The Hann window [42] is used to smooth uncorrelated data located at the edges, diminishing aliasing of different rooted information and minimizing the amplitude dispersion into other harmonics (i.e., reduced spectral leakage). In addition, the window function limits the extent of the sequence, providing a more stationary spectral characteristic.
The Hann window function is given by for (3)
The terms and in (3) represent the discrete-time index and the length of the window, respectively. The window length was selected such that reasonable spectral performance was achieved. In the analysis, was limited to 4096 samples (without zero padding) with window sections of 1024 and window overlaps of 512.
The spectral content of a resting scenario (test subject standing on the treadmill machine) was taken for five different locations along the upper chest section. The resulting plot, shown in Fig. 11 , depicts the main component at these locations, which occurs between 0.12 and 0.13 Hz; assuming that this is a result of the movement of the chest due to respiration, and this would be equivalent to a breathing rate of 7.2-7.8 breaths/min. The spectral results of the second filter (0.8-3 Hz) did not show any significant harmonics that were related to heart beat movement; therefore, it was not included.
The difference between the curves is attributed to the change in path loss associated with the change in receiver location. Recall that the transmitter is fixed at the right waist.
Position 1 is on the furthest right part of the chest and has the shortest path length, which increases to its maximum at position 5. Hence, path loss is the lowest at position 1 and highest at position 2, reflected in the amplitude variation. The small variation in the location of the main harmonic is attributed to small movements by the test subject.
The filtering method was also applied to each RSS signal recorded while jogging, rowing, and cycling. The spectral responses of the implemented digital filters are illustrated in Fig. 12 . The results of the jogging scenario [see Fig. 12(a) ] show a subharmonic at 0.14 Hz (lower frequencies), which could be regarded as the thoracic displacement produced by the breathing process (approximately 8.5 breaths/min). At higher frequencies, two main harmonics are clearly visible, the first at 0.9 Hz and the second at 1.8 Hz. It is known that human locomotion depends on two main factors-stride length and stride frequency, both of which contribute to jogging activity. The constant speed of 1.38 m/s and the average stride length of 1.5 m give rise to the first harmonic of 0.9 Hz. This is the fundamental component product of the periodic kinematic of the human body, which is mainly dominated by the head and the thoracic cavity. The 1.8-Hz harmonic, which is twice the fundamental frequency (0.9 Hz), could also be described by the quasisynchronous movement of the arms and legs. If we examine the sequence (a)-(b)-(c), depicted in Fig. 13 , the left-arm and the right-leg go upfront during the initial step succeeded by the right-arm and the left-leg, shown in sequence (d)-(e)-(f), for the following step. The cyclic movement of the extremities, which is repeated during the entire jogging process, shadows the propagation channel and, thus, produces a harmonic at 1.8 Hz.
As mentioned in Section I, others have investigated the Doppler behavior of dynamic WBAN channels when walking and jogging (for example, [27] - [29] ). It is important to note that this study does not measure the phase of the received signal and is thus not able to assess the Doppler spectra; we are interested in whether the fading characteristics allow activity-related parameters to be determined from magnitude-only measurements, which are simpler and cheaper to perform. However, it is possible to make some comments and comparisons with such work.
As mentioned previously, it was found in [27] that using normal polarization antennas produced lower amplitudes in the Doppler response than when using tangential polarization antennas, as channels with normal polarization are less affected by body scattering. Typical normalized amplitudes of harmonics around 1 Hz are 30 dB for normal polarization channels [27] , which compares well with the results in Figs. 11  and 12(a) . We note that the patch antennas used in our study are horizontally polarized and radiates normal to the body.
Off-body scatterers in complex environments were observed to affect Doppler spectra in [28] . The off-body contributions could mask the harmonics related to the body scatterers; however, the off-body scatterers were all at harmonics above 5 Hz, and so should not affect the results we observed. It is noted that the Doppler spectra again had harmonics around 1 Hz. This is also true of the results in [29] ; in each paper, this harmonic is attributed to the motion of the body when walking or jogging. We note that there is an overlap of possible speeds in these activities, but that the mechanics of the motion differ, resulting in the observed differences between walking and jogging [29] .
We also note that the Doppler spectra in [27] - [29] are centered at 0 Hz. This seems reasonable, since the moving nodes and the body scatterers are likely to move toward and away from the receiving node during the course of walking or jogging. This result cannot be verified from our data, unfortunately; as we are dealing with a magnitude-only measurement, a two-sided spectrum would be a mathematical construction that would necessarily be centered on 0 Hz. Furthermore, we are dealing with filtered (bandlimited) data.
The frequency-domain plot for the rowing activity has two main components at lower frequencies (namely, 0.17 Hz and 0.71 Hz) and two higher harmonics, at 1.43 Hz and 2.18 Hz, respectively [see Fig. 12(b) ]. In order to explain the source of each harmonic, it is necessary to unfold the steps of a rowing process. A normal rowing technique is divided into four main phases: the initial part of a stroke, where the body is pressed up to the legs and shins are vertical, thus preparing for the next pull, is regarded as the catch [shown in Fig. 14(a) ]. The following phase, called the drive [ Fig. 14(b) ], is initiated when the body's main hip extensors (legs and glutes) push down as the body levers back but the arms remain straight (transfer of power stage). The next state, where the legs are fully extended and flat, and the rowing handle is located at the abdomen position, is defined as the finish position [ Fig. 14(c) ]. The final part of a stroke, called the recovery process [ Fig. 14(d) ], is a slow slide back to the initial position (actions are in reverse order compared with the drive phase), thus returning to the catch position [ Fig. 14(e) ].
The component at 0.17 Hz is mainly attributed to the thoracic movement produced by the breathing process, which would correspond to an average respiration rate of 10.2 breaths/min. During the rowing process, the test subject worked out at a constant speed of 5 km/h, covering an average distance of 1.8 m for each stroke (catch-finish, finish-catch).
The continuous levering backward and forward of the body, from the catch to finish position, produces the fundamental component of 0.71 Hz. Similar to the jogging scenario, the 1.43-Hz tone is close to the second harmonic of the fundamental frequency; a close examination of the rowing process also shows that, amid each stroke, the rowing handle crosses the transmitter node twice (i.e., shadowing the free-space propagation). The first instance is when the body lays back to the finish stage and the second time is when the recovery phase takes place, thus producing a 1.43-Hz component.
The last spectrum plot corresponds to the cycling scenario [see Fig. 12(c) ], where the main components are observed at 0.16 Hz for the lower frequencies, and 0.9 Hz and 1.81 Hz for the higher frequencies. The cycling process is mainly dominated by the pedaling sequence. Key snapshots of this routine are shown in Fig. 15(a)-(c) . The movement created by the rotation of the legs around the circumference of the pedal crank is defined by the sprocket arm 0.20 m) and the bike ergometer's speed (5 km/h). The angular movement of the right leg brings about periodic displacements of the transmitter node, which is located on the same side but at waist level, thus defining a cyclic translation of approximately 1.06 Hz and, hence, an angular speed of 64 r/min. In addition, the link (Tx-Rx) is shadowed twice per cycle, or every radians, thus defining a frequency of 1.81 Hz.
The motion observed during cycling is mainly dominated by the leg movement, whereas the chest area remains fairly motionless (i.e., leaning forward toward the handlebar with relaxed arms; see Fig. 15(a)-(c) ), in contrast to the other activities. This type of body posture creates a cavity section for the EM propagation, which maximizes the number of waves travelling along the body; hence, the 0.16-Hz harmonic is interpreted as a result of the respiration process, which would be equivalent to 9.6 breaths/min.
It is evident that the spectral content is mostly accounted for by the motion of the body and its parts, with some potentially contributed by the respiration process. This is unsurprising, when considering the relative magnitudes of the displacements involved, and of the resulting shadowing effects. However, to determine how the heartbeat motion might contribute, the spectral response of the recorded ECG signals (for the resting and jogging scenarios, see Fig. 10 ) was calculated to predict where the expected harmonics would occur; the results are shown in Fig. 16(a) and (b) . In both cases, the noise introduced by the mains was removed using a digital notch filter operating at 50 to 60 Hz.
The resulting plots show a main harmonic at 1.46 Hz (for a resting scenario), equivalent to a heart rate of 87.6 BPM. In contrast, the jogging scenario ECG has two main frequency components: the first at 1.04 Hz and the second at 1.71 Hz. The former is possibly caused by electrode movement due to the constant human motion; however, this requires further investigation. The latter is the cardiac signal (being equivalent to a heart rate of 102.6 BPM), based on a comparison with the recorded ECG signal.
It is noted that the transformation from time to frequency domain has introduced an HR deviation of 1.77% and 3.4%, for resting and jogging scenarios, respectively. This deviation is mainly attributed to the fast Fourier transform (FFT) coefficient rounding errors and floating-point arithmetic quantization errors.
A summary of the spectral content of each scenario is presented in Table VII. The table includes subharmonics and main  frequencies for each recorded activity, including the spectral components of the electrocardiograph. It can be seen that the second harmonics of jogging and cycling are similar to the main harmonics of the ECG; however, this is likely a coincidence, given the analysis presented before. A more rigorous study is required considering additional important aspects, such as different speeds and stride lengths. Furthermore, a more sensitive setup, possibly at higher frequencies, may be necessary before shadowing from the motion of the chest due to the heartbeat can be detected. Our results have shown that the respiration rate could potentially be estimated from the shadowing caused by the thoracic movement produced over a period of time (see Table VII ), but that the heartbeat rate is not evident. This due to the scale of motion induced, and the correspondingly small fluctuations in path loss expected, by the heart when beating.
This was confirmed by the use of an ECG to identify where the harmonics should be (possible as the ECG records the electrical variation of the heart over a period of time across the electrodes, whereas the wireless sensor nodes detect the mechanical movement). However, the spectral analysis has shown that features related to the specific activity are easily identifiable. This may have applications in sports training and physiotherapy. We note that the relative movement of the thorax becomes more significant while the frequency of the propagating EM wave increases, suggesting a higher frequency would be more sensitive to respiration and even possibly heart activity. However, there would be an upper limit to the useful frequency for given transmit power, due to increased losses. Finding the optimum point is an objective for future work.
V. CONCLUSION
This paper presented the radio-channel characterization of different on-body links for assorted body movements. It was first shown that the continuous movement of the human body, trunk, and the limbs, for nonstationary scenarios (e.g., jogging exercise) shadows the line-of-sight propagation, thus producing signal fluctuations of 15 dB (maximum level from the average received signal).
Comparison of the various radio channels considered (which not only include radio propagation characteristics, but also embed biomechanical information, such as human motion) for the three activities showed noticeable differences in channel parameters.
The statistical models for each activity show that dynamic radio channels are best described by Rayleigh, Nakagami, and Weibull distributions, rather than lognormal distributions. The Rayleigh distribution was consistently the best model for all links and activities, under the test conditions described. Further work is required to determine whether this remains true when test conditions differ (e.g., test subject, activity, speed of motion, test environment). In particular, the effect of the environment (off-body scatterers and multipath) on the "best-fit" statistical distribution is expected to be significant.
Moreover, the analysis of the spectrum plots, for the waist-to-chest channel, identified distinct frequency components for each recorded exercise. These components were analyzed in the context of the activities, and physiological signals from the breathing process are observed. Thus, thn-e on-body radio channel provides a model for activity classification and potential physiological feature extraction. The work proposed in this paper may open up a new possibility of noninvasive physiological monitoring based on EM sensing from on-body wireless sensor nodes. One potentially interesting avenue for future research is applying this technique to activities with more complex movements (e.g., hurdling, climbing stairs). The use of antennas that radiate along the body surface, or operation at higher frequencies, may allow greater sensitivity to the thoracic motion related to respiration and cardiac activity. Finally, the use of time-frequency analysis, to track how the harmonics change over time, is of some interest. Currently, he is a Postdoctoral Research Assistant at QMUL and is actively exploring innovative solutions for future wearable technologies. His main research activities include small and compact antennas for low-power wireless sensors operating at microwaves and submillimeter frequencies, flexible and conformal body-worn antennas for medical applications, noninvasive physiological sensing techniques, modelling for body-centric sensor networks, antenna interactions with the human body, indoor radio propagation, active and passive indoor RF localization, design and development of low-power circuits, and RF instru- 
